Background and Purpose-The clinical application of Doppler detection of circulating cerebral emboli will depend on a reliable automated system of embolic signal detection; such a system is not currently available. Previous studies have shown that frequency filtering increases the ratio of embolic signal to background signal intensity and that the incorporation of such an approach into an offline automated detection system markedly improved performance. In this study, we evaluated an online version of the system. In a single-center study, we compared its performance with that of a human expert on data from 2 clinical situations, carotid stenosis and the period immediately after carotid endarterectomy. Because the human expert is currently the "gold standard" for embolic signal detection, we also compared the performance of the system with an international panel of human experts in a multicenter study. Methods-In the single-center evaluation, the performance of the software was tested against that of a human expert on 20 hours of data from 21 patients with carotid stenosis and 18 hours of data from 9 patients that was recorded after carotid endarterectomy. For the multicenter evaluation, a separate 2-hour data set, recorded from 5 patients after carotid endarterectomy, was analyzed by 6 different human experts using the same equipment and by the software. Agreement was assessed by determining the probability of agreement. Results-In the 20 hours of carotid stenosis data, there were 140 embolic signals with an intensity of Ն7 dB. With the software set at a confidence threshold of 60%, a sensitivity of 85.7% and a specificity of 88.9% for detection of embolic signals were obtained. At higher confidence thresholds, a specificity Ͼ95% could be obtained, but this was at the expense of a lower sensitivity. In the 18 hours of post-carotid endarterectomy data, there were 411 embolic signals of Ն7-dB intensity. When the same confidence threshold was used, a sensitivity of 95.4% and a specificity of 97.5% were obtained. In the multicenter evaluation, a total of 127 events were recorded as embolic signals by at least 1 center. The total number of embolic signals detected by the 6 different centers was 84, 93, 108, 92, 63, and 78. The software set at a confidence threshold of 60% detected 90 events as embolic signals. The mean probability of agreement, including all human experts and the software, was 0.83, and this was higher than that for 2 human experts and lower than that for 4 human experts. The mean values for the 6 human observers were averaged to give Pϭ0.84, which was similar to that of the software. Conclusions-By using the frequency specificity of the intensity increase occurring with embolic signals, we have developed an automated detection system with a much improved sensitivity. Its performance was equal to that of some human experts and only slightly below the mean performance of a panel of human experts (Stroke. 2000;31:1335-1341.)
Increasing evidence suggests that at least in certain situations, embolic signals do have clinical significance, and embolic signals have been found to be predictive of increased stroke and transient ischemic attack risk in patients with asymptomatic or symptomatic carotid stenosis 9 -11 and in patients during the immediate post-carotid endarterectomy period. 12 The technique has a number of promising applications, including the selection of high-risk patients for appropriate surgical and pharmacological intervention, determining the pathophysiology of stroke in individual cases, assessing the effectiveness of novel antiplatelet therapies, and perioperative monitoring. The major technical impediment to its widespread clinical use is the lack of a reliable automated method of embolic signal detection. The prevalence of embolic signals may be low, requiring many hours of patient recordings to detect only 1 or 2 embolic signals. Currently, the gold standard is to record the Doppler signal onto tape and review it later in real time. This is extremely time-consuming and only practical for research studies.
Previous attempts at producing an automated system have failed to reach the same level of sensitivity and specificity as the current gold standard of the human analyst. [13] [14] [15] The most promising system to date has been a neural network, 13 but although good levels of specificity were achieved, sensitivity of the system remained relatively low. The major difficulty in previous systems has been the detection of low-intensity embolic signals and their differentiation from normal Doppler speckle. Therefore, systems have tended to perform better for the more intense embolic signals seen in patients with prosthetic cardiac valves but have been unreliable for the less intense signals detected in patients with carotid stenosis and atrial fibrillation. Any signal-processing system that will improve the embolic signal-to-Doppler blood signal intensity ratio is likely to aid detection of these low-intensity signals. A characteristic feature of embolic signals is that they are frequency-focused, having a maximum intensity over a narrow frequency range. Recent work has demonstrated that the embolic signal-to-Doppler blood signal intensity ratio can be increased by Ϸ3 dB by the use of frequency-filtering techniques. 16 For automated signal detection, it is also essential to determine which characteristics allow optimal discrimination of embolic signals from both Doppler speckle and artifact. Using a novel signal analysis approach, which provided both high temporal and frequency resolution, we determined these characteristics in a previous study. 17 The frequency-filtering approach that we developed was computationally intensive; therefore, we adapted the approach by using the fast Fourier transform (FFT) as a frequency filter, analyzing the output from each frequency bin independently. In an offline system, we obtained a high sensitivity for embolic signals using this approach. 17 In the present study, we describe the implementation of this system online and its testing in a number of situations. We have tested it with the use of large amounts of data from 2 clinical situations, carotid artery stenosis and the period after carotid endarterectomy. The current gold standard for embolic signal detection is the experienced human observer; therefore, in addition, we have compared the performance of the software with that the performance of a panel of experienced human observers from a number of centers with extensive research experience in the technique.
Subjects and Methods

Transcranial Doppler Recordings
All recordings were made from the middle cerebral artery (MCA). A Nicolet/EME Pioneer TC4040 TCD machine was used for all recordings with a standard 2-MHz transducer. Depth settings were between 45 and 54 mm, and a sample volume of 5 mm was used. Doppler signals were recorded onto digital audio tape for subsequent analysis. All analysis was performed by an experienced observer blinded to patient group; all candidate signals were then reviewed by a second observer, and embolic signals were included only if both observers agreed. Standard criteria on the FFT spectral display were used to identify embolic signals in addition to the characteristic chirping or clicking sound. 18 
Data for Single-Center Evaluation
First Patient Group: Carotid Stenosis
TCD recordings were obtained from the ipsilateral MCA in 21 patients with Ն70% carotid artery stenosis. The group comprised 18 symptomatic and 3 asymptomatic patients. Recordings were performed for 1 hour in 19 patients and 30 minutes in 2 patients, resulting in a 20-hour data set.
Second Patient Group: Carotid Endarterectomy
Ipsilateral MCA recordings were made in 9 patients after carotid endarterectomy, starting 30 minutes after skin closure and continuing for 2 hours, resulting in an 18-hour data set. No patients were patched.
Data for Multicenter Evaluation
Recordings, starting at least half an hour after skin closure, were made from the ipsilateral MCA of patients after carotid endarterectomy. The recording duration was 20 minutes in 3 patients and 30 minutes in 2 patients, resulting in a 2-hour data set. Six identical copies of these data sets were made and sent to participating centers.
Embolic Signal Detection Algorithm Design
The algorithm uses a conventional FFT to analyze the quadrature audio signal. To make the algorithm independent of user interference, the algorithm computes an additional FFT, not displayed to the user, based on the audio signal. To achieve high time and frequency resolution, this FFT is always 64 point and is computed once every millisecond. A Hanning function is used to window the FFT with the overlap fixed at 89%, regardless of the FFT displayed to the user.
The algorithm continually calculates an average background signal level over a range of FFT columns from 750 ms before each event to 750 ms after each event. The background level is determined by using a 2D median filter over the whole signal, except for those frequencies immediately adjacent to zero frequency. At the same time, any events that are of significant area (on the time-frequency surface) and Ͼ3 dB in intensity above the background level are further analyzed as embolic signal candidates. Candidate events are analyzed as 3D volumes in intensity-time-frequency space just above the background-level time-frequency surface. For each possible event found, the following parameters were measured:
1. Peak intensity volume: The volume under the intensity frequency curve is considered in 1-ms periods, each of which constitutes an intensity volume. The maximum of these is referred to as the peak intensity volume.
2. Peak intensity: This is the peak intensity at any frequency or time measured above the background level surface.
3. Event frequency disorder: This parameter measures how internally consistent or repeatable the shape of the event volume is, measured from the highest to the lowest frequency coordinates of the event volume.
4. Event time disorder: This parameter measures how internally consistent or repeatable the shape of the volume is, measured from the highest to the lowest time coordinates of the event volume.
5. Intensity volume reflection ratio: This is the ratio of total intensity volume of the event to the intensity volume of the equivalent area reflected across the zero frequency line.
6. Event distance to zero frequency: This is the frequency difference between the event center and zero frequency; events with reverse flow directions always have negative distance.
7. Teardrop shape of event area near zero frequency: It is often the case that an artifact can be "cut off" by TCD high-pass filters, resulting in a teardrop shape in the spectral display.
8. Localization in frequency: This is an inverse measure of the extent in frequency of an event.
9. Nearby high-intensity speckle interference: The presence of speckle near an event in time or frequency indicates that the event is unlikely to be an embolus if the nearby speckle and the event are of similar intensity.
The optimal parameters were derived from previous detailed analysis of embolic signals. 17 This demonstrated that an artifact could be differentiated by the bidirectionality of the intensity increase and by the observation that the maximal intensity was at low frequency. The event disorder parameters mentioned were developed from the use of nonlinear forecasting, which has shown that embolic signals are highly ordered in time and frequency. Previous work has used the time domain data with this technique to distinguish embolic signals from speckle and artifact. 19 This algorithm differs by working on the frequency domain (with use of FFT data).
Each of these parameters has some value in predicting whether an event is an embolic signal or an artifact signal or neither. For example, time or frequency disorder tends to be low for embolic signals but high for speckle and artifact, whereas the intensity volume reflection ratio is near 1 only for an artifact. Each parameter is converted into an index representing an estimate of the probability of an event being an embolic signal or an artifact. All the parameters are aggregated by using standard techniques from fuzzy logic. This results in both an embolus probability (or confidence level) and an artifact probability, expressed as a percentage, that a given signal is an embolic signal or that it is an artifact. Events with a high artifact probability are then identified as such and rejected as embolic signals. Remaining events with a high embolus probability are identified as embolic signals. Each event (embolic signal or artifact) is saved to disk along with its frequency coordinates, time extent coordinates, decibel intensity, and embolus probability level, allowing the event to be viewed and further analyzed offline.
Data Analysis
Single-Center Analysis
All 38 hours of data were played through the automated software. All embolic signals saved by the software were reviewed by an experienced human observer. The exact time and appearance of each signal detected by the software was matched against the times recorded by the human expert. Each signal detected by the software was classified as a true positive signal if it appeared as a characteristic embolic signal and matched the time noted by the human analysis. The software detected a few additional signals. These were reviewed and classified as false positives if they did not match the standard criteria for embolic signals. 18 There were a few signals that were detected by the software and appeared to be clear embolic signals but that had been missed by the human observer. These were classified as true embolic signals. The intensity of each embolic signal was determined from the color-coded intensity scale as previously described. 9 Interobserver agreement is relatively poor for embolic signals of very low intensity; therefore, many centers use an intensity threshold as one criterion for embolic signal detection. 18 Therefore, we used our standard threshold of Ն7 dB as one criterion. Signals detected by the software that were characteristic of embolic signals 18 but were below the 7-dB intensity threshold were classified as extra signals. All other saved signals were classified as false-positive signals. Sensitivity and specificity were then calculated with the threshold for signal detection set at different embolus probability levels in increments of 5%.
Multicenter Analysis
Each center analyzed the tape by playing the recording back through an Nicolet-EME TCD machine and monitoring both the audio signal and visual Doppler spectra with use of the fastest sweep speed available to achieve best FFT temporal overlap. They were asked to apply standard criteria for embolic signal detection 18 as they would for research or clinical studies in their department. No intensity threshold was specified. This is because absolute measurements of intensity vary with the method of measurement 18 and would not be the same in each center. The exact time of each embolic signal was then noted by the observer. All centers were blinded to patient details. The results were returned to the coordinating center, where an independent observer had also analyzed the same recording. The same 2-hour tape was analyzed by the online software. The times of all embolic signals detected by all observers, including the software, were noted. An intensity value for each true embolic signal was determined from the intensity color-coded spectral display as previously described 9 and calculated by the coordinating center.
Interobserver agreement was determined by a method based on the proportion of specific agreement, as has previously been used to examine inter-rater agreement in embolic signal detection. 20 This allows calculation of the probability that a specified observer will detect an embolic signal compared with the performance of 1 or more other observers. A value of 1 indicates perfect agreement; 0, no agreement. The inclusion of an intensity threshold as one criterion for embolic signal identification was not possible because of the measurement of intensity by use of different methodologies in different centers. However, the probability tests were performed both with and without the application of an Ն7-dB intensity threshold by using the intensity measurements from the original analysis by the coordinating center.
Results
Single-Center Evaluation
First Patient Group: Carotid Stenosis
Human analysis of the data detected 134 embolic signals with intensity Ն7 dB. Software analysis of the data detected an additional 6 embolic signals that were Ն7 dB but had been missed by the human observer, making the total number of true positive signals 140. When the threshold for detection was set at an embolus probability value of 65%, a sensitivity of 85.7% and a specificity of 88.9% were obtained. Table 1 shows how the performance varied according to the embolus Cullinane et al Online Embolic Signal Detectionprobability or confidence threshold at which the software was used. At higher thresholds, a specificity of Ͼ95% could be obtained, but this was at the expense of a lower sensitivity. Of those 20 true embolic signals missed at an embolus probability threshold setting of 65%, 6 were missed because of the presence of coincident artifact, leading to categorization as an artifact, whereas 7 were missed probably because they were low-intensity embolic signals that the software failed to detect. In the 7 remaining cases, the reason for the failure to detect the embolic signal was unclear.
Second Patient Group: Carotid Endarterectomy
Human analysis of the data detected 402 embolic signals of Ն7-dB intensity. Software analysis of the data detected an additional 9 embolic signals that were Ն7 dB but had been missed by the human observer, making the total number of true positive signals 411. After analysis of the first patient group, we found that using an embolus probability threshold of 65% produced the same sensitivity as using an embolus probability threshold of 60% but that it increased specificity. For the purpose of this analysis, the minimum threshold used was 65%. With use of this threshold, a sensitivity of 95.4% and a specificity of 97.5% were obtained. Table 2 shows the effect of altering the threshold on the sensitivity and specificity.
Of those 19 true embolic signals missed at a embolus probability threshold setting of 65%, 8 were missed because of the presence of a coincident artifact, leading to categorization as an artifact, whereas 11 were missed probably because they were low-intensity embolic signals that the software failed to detect.
The meanϮSD intensity of the embolic signals, as defined above, including a Ն7-dB intensity threshold, was significantly higher in the carotid endarterectomy group than in the carotid stenosis group: 15.3Ϯ4.9 versus 12.8Ϯ4.4 dB (PϭϽ0.0001).
Multicenter Evaluation
A total of 127 events were recorded as embolic signals by at least 1 center. The total number of embolic signals detected by the 6 different centers were 84, 93, 108, 92, 63, and 78. With the software set at an embolus probability threshold of 60%, 90 events were detected as embolic signals. The probability that an observer from a second center would detect an embolic signal if an observer from 1 center had also detected an embolic signal is shown in Table 3 . The values for each center have been averaged to give a mean value, as shown in the rightmost column of Table 3 . The mean probability of agreement value for the software was 0.83, and this was higher than that for 2 centers and lower than that for 4 centers. The mean values for the 6 human observers were averaged to give a probability of agreement value of 0.84, which was similar to that of the software.
Two centers detected rather different numbers of embolic signals, with center 3 detecting 108 events and center 5 detecting 63 events. On review, center 5 had missed some clear embolic events, whereas center 3 had included some events that appeared not to fulfill the standard criteria for embolic signals. 18 In view of this and to evaluate the software against the most rigorous criteria, namely, the "best" human experts, the analysis was repeated with the data from centers 3 and 5 omitted. The results are shown in Table 4 . The values for each center have been averaged to give a mean probability value as shown in the rightmost column of Table 4 . The mean value for the software was 0.85, and this was higher than that for 1 center and lower than that for 2 centers. The mean values for the 4 human observers were averaged to give a value of 0.87, which was only slightly higher than that for the software.
There was a highly significant relationship between the proportion of centers agreeing that a certain signal was an embolic signal and of a certain intensity (Spearman ϭ0.667, Pϭ0.001). All embolic signals detected by 1 or more centers were reevaluated. and their intensities were measured by the standard method used in the coordinating center. 9 The analysis was then repeated for all centers using a Ն7-dB intensity threshold as an additional criteria in the definition of an embolic signal. The results comparing the performance of the software with that of all centers are shown in Table 5 . The mean probability value for the software was 0.87, and this was higher than that for 2 centers and lower than that for 4 centers. The mean values for the 6 human observers were averaged to give a value of 0.88 which was similar to that of the software. As discussed above, the analysis was repeated after omitting data from centers 3 and 5, which had reported notably more and notably less embolic signals, respectively, than the other centers. The results are shown in Table 6 . The mean value for the software was 0.87, and this was higher than that for 1 center and lower than that for 2 centers. The mean values for the 4 human observers were averaged to give a value of 0.90, which was only slightly higher than that of the software.
Discussion
The present study tested a new online algorithm for the automated detection of embolic signals that is based on a novel approach that uses the fact that embolic signals have a maximum intensity over a narrow frequency range. We demonstrated consistently good performance across 2 clinical situations, with the software compared with expert observers in 1 center and with the software compared with an international panel of experts from a number of centers. The results are considerably better than those of any previously published automated detection system, 21 and the levels of sensitivity and specificity obtained are of the order of those required if automated analysis is to replace the trained human observer in the detection of embolic signals.
In the first half of the study, the software was analyzed in a single center and compared with the performance of trained human observers. We studied data sets from 2 clinical situations, carotid artery stenosis and the period after carotid endarterectomy. In both situations, good levels of detection were obtained, with a sensitivity and specificity of 85.7% and 88.9%, respectively, for carotid stenosis and 95.4% and 97.5%, respectively, for the period after carotid endarterectomy. This was with the threshold for detection set at 65%. Higher specificity could be obtained when the threshold was raised, but this was at a loss of sensitivity. In many clinical situations, the frequency of embolic signals is low. In patients with carotid stenosis and atrial fibrillation, the median number per hour in embolic signal-positive patients is only 1 to 3. 3, 4 In such situations, the sensitivity must be high; therefore, a threshold set at 65% would be optimal. This then requires an experienced observer to check the saved segments after analysis. This is facilitated because the software saves the detected segments with the corresponding audio soundtrack so that they can be rapidly reviewed. This setup is similar to that currently used by 24-hour ECG monitoring analysis systems. The performance of the software was better for the embolic signals detected after carotid endarterectomy than for those in patients with carotid stenosis. Our clinical impression was that the embolic signals recorded in the post-carotid endarterectomy patients were of greater intensity, and this was confirmed by quantitative signal analysis. This is likely to be the reason for the improved performance of the software in the post-carotid endarterectomy group. However, the mean intensity values in the post-carotid endarterectomy patients were below those that are commonly found in patients with prosthetic heart valves or during interventional radiological procedures, when the majority of embolic signals are believed to be due to gaseous emboli. We believe that this is due to the fact that embolic signals in the post-carotid endarterectomy setting represent larger solid emboli, and this is supported by their marked reduction after administration of the antiplatelet agent S-nitrosoglutathione. 22 This emphasizes that it is important that an automatic detection system be tested on the data set that it will be subsequently be used on. One might expect the performance of this system to be even better in patients with prosthetic heart valves, in whom embolic signals are of even greater intensity, 23 but this needs testing. Similarly, the software needs evaluating in patients with atrial fibrillation, in whom embolic signals are infrequent and of low intensity 4 ; in this group, its performance may not be as good. Our initial pilot data suggest a sensitivity of only about 50% in this group.
In the single-center study, we evaluated the detection of embolic signals defined as having an intensity of Ն7 dB. This is the standard intensity threshold that we use in all our studies. The presence of embolic signals, defined by using this threshold, has been shown to be predictive of stroke and transient ischemic attack risk in patients with carotid artery stenosis. 9 Interobserver agreement is not as good for embolic signals of very low intensity, and this was confirmed in our multicenter study. The use of an intensity threshold has been shown to increase reproducibility without too great a loss of sensitivity, and its use is recommended in recent consensus criteria. 18 A difficulty with this approach in the evaluation of an automated system is that the software may detect embolic signals that have an intensity below the threshold. This occurred in the present study, but for the purpose of the study, these signals were excluded and counted as neither true positives or true negatives. However, in online use, the software calculates the intensity of any events its saves; therefore, instructing it to detect embolic signals only above a certain threshold is possible. It should be remembered that the absolute intensity value depends on the method in which it is calculated and, in particular, how the relative intensity of both the embolic signal and background are calculated. 24 The Ն7-dB threshold was determined by using previously described methods from the color-coded intensity scale 24 and not calculated by the computer algorithm. Therefore, the absolute value of an appropriate threshold for use by the software is not necessarily 7 dB but could be easily determined.
In the second part of the present study, we evaluated the software against a panel of experienced human observers. We felt that this was appropriate because the present gold standard for embolic signal identification is the human observer. Although generally high levels of agreement between human experts have been found in previous work, 20, 25 there is some interobserver variation. Therefore, we determined whether the software was as good as an experienced human observer. When compared for all 6 centers, the performance of the software was very similar, with a mean proportion of specific agreement of 0.83 compared with 0.84 for the averaged value for the human experts. Two centers performed significantly differently from the other centers; one reported fewer embolic signals, whereas the other reported additional embolic signals, which the other centers did categorize as embolic signals. This reflects the fact that very-low-intensity embolic signals may occur, and only certain centers included these as definite signals, which they would report as embolic signals when performing the technique for research and clinical studies. Essentially, some centers seem to be using an implicit intensity threshold. To provide the most rigorous test of the software, we reevaluated it against the "best" humans experts, with the data from these 2 outlying experts removed. Even this selected group of human experts performed only slightly better than the software, with an averaged value of 0.87 compared with 0.84 for the software. Embolic signals that were most commonly disagreed on between centers, including the software, were those of low intensity, as reported in previous studies, 20, 25 and this emphasizes the benefit of applying an intensity threshold. Our results also demonstrate that despite the publication of detailed consensus criteria for the detection of embolic signals, 18 a minority of experienced research centers are not applying these rigorously. This emphasizes the need for continuing intercenter reproducibility studies as part of an ongoing quality control program. There is also the potential problem of human error, particularly when large amounts of data have to be analyzed. Even in our single-center evaluation, we found a number of typical embolic signals of intensity Ն7 dB that had been missed by the human observer but were detected by the software; this constituted 4% of the carotid stenosis embolic signals and 2% of the carotid endarterectomy embolic signals. This emphasizes a major potential advantage of an automated system over the human observer; it does not suffer from fatigue.
The software missed only 5% to 10% of embolic signals in the different data sets. In some cases, these were lowintensity signals. The detection of these may be improved by adjustments to the algorithm, but the detection of some may require a different method of signal analysis that maximizes the embolic signal-to-Doppler blood signal intensity ratio further. For example, the wavelet transform is particularly suited to the analysis of short-duration transient signals, and pilot data suggest that it describes embolic signals better than the FFT. 26 In other cases, the software missed embolic signals that occurred at the same time as artifact. In these cases, the use of a multigate system may improve detection. This could work in an offline mode, with detection occurring in 1 channel but with Ն2 channels being saved for subsequent review by the human expert. In uncertain cases, embolic signals could then be identified by the time delay occurring between the proximal and distal channels. 27 This would also help distinguish between embolic signals and artifact on the rare occasions on which a predominantly, but not exclusively, unidirectional signal occurs with maximum intensity at low velocity; such signals can result from emboli or, rarely, artifact.
For the first time, this automated system provides a method with sufficient performance for routine clinical use. However, potential limitations need to be borne in mind. First, we have only validated its use in 2 situations, carotid stenosis and the period after carotid endarterectomy. Its performance needs to be similarly evaluated in other situations. It may work less well for the very few infrequent signals seen in patients with atrial fibrillation. It may also work less well in patients with the more intense embolic signals occurring during, rather than after, interventional procedures, such as cardiopulmonary bypass, carotid endarterectomy, and cerebral angiography. A proportion of the emboli in such situations are believed to arise from gaseous bubbles and to result in embolic signals of much higher intensity. This can lead to receiver overload and a degree of aliasing. This appears as a bidirectional intensity increase and may lead to mistaken identification of embolic signals as artifact. However, modification of the algorithm and the use of a TCD system with sufficient dynamic range should overcome this problem. Second, although we tested the algorithm on a large amount of unselected routine clinical data, it may work less well on certain data sets. Third, the saved signals need to be reviewed by a human expert for optimal performance; therefore, the use of the software needs to be combined with appropriate training.
Despite these potential limitations, this automated system is significantly better than previous published approaches and, for the first time, provides a system whose performance is similar to that of the human expert, the current gold standard.
